Abstract-Well-designed and well-conducted clinical studies represent gold standard approaches for generating medical evidence. However, elderly populations are systematically underrepresented in studies across major chronic medical conditions, which has hampered the generalizability (external validity) of studies to the real-world patient population. It is the norm that intervention studies often require a homogeneous cohort to test their hypotheses; therefore older adults with co-medications and comorbidities are often excluded. The purpose of this study is to assess the gap between clinical studies on comorbidities and prevalence in elderly populations derived from the National Health and Nutrition Examination Survey (NHANES) and the Multiparameter Intelligent Monitoring in Intensive Care II (MIMIC-II) dataset. A comorbidity gap between them was observed and reported in this work.
I. INTRODUCTION
Clinical studies are conducted for testing the efficacy and safety of a certain treatment (e.g., a medication, a device, or a procedure) for one or more medical conditions. They have been generating gold standard evidence in modern medical research. Nevertheless, it is expensive to conduct a clinical trial, with estimates of $600 million dollars per clinical trial [1] . However, many trials failed to balance internal validity and external validity for generalizing results to the real-world target population [2] . It is widely reported that the elderly population is systematically underrepresented in clinical studies across major conditions including cardiovascular diseases [3] , cancer [4] , dementia [5] , and diabetes [6] . Intervention studies usually require a homogeneous cohort to facilitate causal analysis. Thus, studies are often designed to minimize confounding factors by excluding patients with co-medications and complex comorbidities. However, this practice may also limit the external validity (or a priori generalizability) of a clinical study. Boyd et al. pointed out the lack of evidence-based foundation for assessing quality of care in elders with comorbidities in clinical practice guidelines focused on a single disease [7] . We therefore hypothesize that there is a gap between the high prevalence of comorbidities in the elderly population and the clinical research that focuses on these prevalent comorbidities. Thus, in this work, we first analyze the prevalence and types of comorbidities in the elderly population. We use the patient data in Multiparameter Intelligent Monitoring in Intensive Care II (MIMIC-II), one of the largest clinical databases that are freely available. It comprised high-resolution clinical information of more than 32,000 ICU admissions. Realizing that patients in ICU may be sicker than the general population we also used nationally representative data from National Health and Nutrition Examination Survey (NHANES). Then, we identify clinical studies in ClinicalTrials.gov that investigate these prevalent comorbidities. We compare them to see how well clinical studies investigate these prevalent comorbidities in elderly population. This work builds a foundation for understanding the comorbidity gap within aging populations that may motivate future studies to address potential health disparities and provide better clinical guidelines.
II. BACKGROUND

A. ClinicalTrials.gov
ClinicalTrials.gov is the official clinical study and results registry created and maintained by the U.S. National Library of Medicine [8] . Mandated by the Food and Drug Administration Amendments Act (FDAAA) of 1997 at FDAAA 801, all the trials of drugs, device, and biologic other than Phase I trials have to be registered in ClinicalTrials.gov. As of November 3, 2015, 201 ,914 studies with sites in 190 countries are registered. Study summaries in ClinicalTrials.gov include structured study descriptors such as study title, sponsor, study phase, intervention, condition, as well as unstructured eligibility criteria that specify the characteristics of subjects to be included or excluded in the study. It is a valuable public resource for analyzing existing clinical studies to inform future study design.
B. National Health and Nutrition Examination Survey
National Health and Nutrition Examination Survey (NHANES) is a continuous cross-sectional health survey conducted by the National Center for Health Statistics of CDC [9] . It employs a sophisticated multi-stage sampling process. The survey samples are first interviewed at home, followed by a physical and laboratory test in a mobile examination center. Its rigorous quality control standards ensure high-quality data collection and national representativeness. NHANES publishes its survey results including individual-level interview and test results every two years. It has been widely used in epidemiology and observational studies.
C. MIMIC II
The Multiparameter Intelligent Monitoring in Intensive Care II (MIMIC-II) dataset is a free, public resource of de-identified patient data collected between 2001 and 2013 from a variety of Intensive Care Units (medical, surgical, coronary care, and neonatal) in a single tertiary teaching hospital [10] . It contains clinical data collected from bedside workstations and hospital archives. In this work, we used MIMIC-II Clinical Database version 2.6 (April 2011; 32,536 subjects).
III. METHODS
A. Dataset Preparation
We first downloaded 196,393 XML-format clinical study summaries from ClincalTrials.gov as of August 26 2015. We extracted structured fields of the study summaries including study phase, study design, intervention, and start date. We downloaded the MeSH-based medical conditions annotation file of from the AACT (Aggregate Analysis of ClinicalTrials.gov) database (version: March 27, 2015), developed by US Food and Drug Administration and Duke University [11] . In the annotation file, each NCTID (the unique identifier of a study in ClinicalTrials.gov) is associated with one or more medical conditions encoded by a MeSH term. Using the native term mapping of the UMLS, we unified different MeSH terms of the same medical condition into a UMLS Concept Unique Identifier (CUI). The CUIs of the condition and its descendants were used to identify clinical studies that investigate the respective condition. We included all the studies (both interventional and observational) with a start date between January 2003 and March 2015.
To ensure statistical power of the analysis, we combined five two-year survey cycle data of NHANES between 2003 and 2012, and then imported the data of both NHANES and MIMIC II into a MySQL database.
B. Data Analysis
Previously, Charlson et al. [12] identified 17 conditions to be associated with one-year mortality and assigned each a weight (Charlson weight). The comorbidity index (CCI), the sum of the weight of all the conditions of a patient for assessing the risk of mortality, has been widely adopted by researchers to measure the burden of a disease [13] . They suggested that CCI would be most useful for assessing the impact of comorbid conditions on mortality for patients in longitudinal studies. It is an important indicator to help investigators detect and avoid overly restrictive eligibility criteria. Deyo et al. [14] and Romano et al. [15] later adapted CCI in administrative data with dissimilar sets of ICD-9-CM codes. Ghali et al. [16] compared these two adaptions and concluded that their power of predicting one year mortality is virtually identical. Recently, Quan et al. [13] updated the weight (Quan weight) for these 17 conditions, out of which 5 (see Table I ) were reassigned a weight of 0 because they were not associated with one year mortality in their analysis.
In this work, using the ICD-9-CM coding algorithm developed by Deyo et al. [14] , we first identified patients in MIMIC-II with one or more of the 17 conditions. Then we assigned both Charlson weight [12] and Quan weight [13] to each patient. The conditions not included in CCI were assigned a weight of 0. We then added up the weights for distinct disease categories for each patient. Table 1 shows the number and percentage of patients in MIMIC-II with one of the 17 diagnostic categories, and the weights for each diagnostic category. Note that some patients may be admitted to ICU multiple times. If a patient was diagnosed in the same diagnostic category in different sequences or in multiple ICU admissions, the case was counted only once in the CCI calculation. We stratified the CCI distributions by age groups.
We then analyzed the prevalence of the comorbidities consisting of the 17 conditions in Charlson's CCI among elderly patients in MIMIC-II. We also analyzed the number of clinical studies between January 2003 and March 2015 that investigate these comorbidities and the percentage of them that consider elderly patients according to the structured "age" eligibility criterion.
As MIMIC-II includes only ICU patients, who may be sicker than the general patient population, we further analyzed the comorbidity of a nationally representative population in NHANES. NHANES contains self-reported medical conditions instead of ICD-9-CM codes. Further, few conditions in CCI are reported in NHANES. We therefore chose patients with seven major medical conditions that are reported in NHANES: diabetes, asthma, arthritis, congestive heart failure, myocardial infarction, stroke, and cancer. After normalizing the two-year sample weights based on the analytical guideline of NHANES [17], the patients in NHANES can represent the national population in the midpoint of the combined survey cycle. To understand how existing clinical studies investigate these prevalent comorbidities, we performed a preliminary meta-analysis of these studies on their study characteristics. a. The conditions with names in italic were reassigned the weight 0 by Quan et al. [13] .
IV. RESULTS
We report on the distribution of CCI for MIMIC-II patients stratified by age groups as shown in Fig. 1 . Note that MIMIC-II does not provide the age of a patient directly. We computed the age of the patients based on their date of birth and the date of admission. Using Quan weight, the mean CCI is 1.5 for all the patients (n=31,090), 2.3 for elderly patients (>= 65 years old, n=11,849), and 1.1 for non-elderly patients (<=64 years old, n=19,281). Using Charlson weight, the mean CCI is 1.7 for all the patients (n=31,090), 2.5 for elderly patients (>= 65 years old, n=11,849), and 1.2 for non-elderly patients (<=64 years old, n=19,281). Quan's CCI is consistently lower than Charlson's, but in both cases the CCI of elderly patients is higher than that of younger patients. As illustrated in Fig. 1 , the numbers of elderly patients with CCI = 0 and 1 are noticeably different between Quan's and Charlson's because five conditions used in Charlson weight are not considered to be associated with one-year mortality by Quan. Table II lists top 8 prevalent comorbidities consisting of the 17 conditions in elderly patients in MIMIC-II. Note that some patients may be counted in different comorbidities because they have more than two of the 17 conditions. There are 751 combinations of comorbidities of elderly patients in MIMIC-II. The most prevalent comorbidity is congestive heart failure + myocardial infarction, which has been investigated only by 14 clinical studies so far. Among 25,616 clinical studies on multiple comorbidities, 18,609 (72.6%) allow elderly patients according to the age criterion, but only a few of them investigate the top prevalent comorbidities in elderly population in MIMIC-II. The reason may be that the conditions in CCI are correlated with high mortality within one year, thus, investigating these comorbidities may be of high risk. It is worth noting that even if the number of studies that investigate these prevalent comorbidities is low, the majority of them consider elderly patients according to their age criterion.
As NHANES is a national representative sample of patients, the comorbidities in this dataset should better represent the national population than MIMIC-II. Table III shows the percentage of patients in NHANES with each of seven conditions. We further stratified the analysis by age groups. As expected, except for asthma, the morbidity of all the conditions in the elderly population is significantly higher than the younger population. About 35% of all the people have one or more conditions. Table IV reports the number of conditions for patients who have at least one of the seven conditions. About 78% of these patients who are < 65 years old have only one condition, whereas only 48% of these patients who are >= 65 years old have only one condition. Compared with patients < 65 years old, the percentage of elderly patients with multiple comorbidities is significantly higher. Among 25,616 clinical studies on multiple comorbidities, only 48 intervention studies and 33 observational studies investigate these 14 prevalent comorbidities of elderly in MIMIC-II and NHANES. Among 48 intervention studies, 18 (37.5%) are drug trials, 14 (29.2%) are behavioral trials. Among 43 studies with specified primary purpose, 27 (62.8%) are treatment studies, followed by health services research (14%) and supportive care research (14%). On average intervention studies have 4.9 inclusion criteria (1-12, SD: 3.1) and 6.5 exclusion criteria (0-27, SD: 6.2). Even though most of these studies do consider elderly patients according to their age criterion, they may use other restrictive (e.g., 'cognitive impairment') or vague (e.g., 'patients not expected to survive their hospitalization') exclusion criteria to exclude elderly patients with complications. The scale of such phenomena is worthy of further investigation.
V. DISCUSSION AND CONCLUSION
This paper presents a preliminary analysis of the comorbidity gap in clinical studies of the elderly population based on both an ICU sample and a nationally representative population. We observed that very few clinical studies investigate prevalent comorbidities in the elderly population. As current clinical practice guidelines are inadequate to address the needs of older patients with complex comorbid conditions [18] , future trials should include elderly individuals with representative comorbidities to provide evidence for clinical guidelines [7] . To assist such effort, we will develop informatics methods to understand the factors associated with the comorbidity gap and provide suggestions to policy makers and clinical investigators for optimizing clinical study design. In future work, we also plan to develop data-driven methods to identify overly restrictive eligibility criteria that can be relaxed to improve the representativeness of elderly patients in clinical studies.
This study has limitations. We used the MeSH-based condition annotation of AACT [11] , which may have erroneous or missing condition information. Future research is warranted to evaluate its accuracy of capturing the comorbidity information of clinical studies in ClinicalTrials.gov.
